The Tax Cuts and Jobs Act (TCJA) of 2017 is the most extensive overhaul of the U.S. income tax code since the Tax Reform Act of 1986. Existing estimates of TCJA's economic impact are based on economic projections using pre-TCJA estimates of tax effects. Following recent pioneering work of Zidar (2019), I exploit plausibly exogenous state-level variation in tax changes and find that an income tax cut equaling 1 percent of GDP led to a 1 percentage point higher nominal GDP growth and about 0.3 percentage point faster job growth in 2018.
Introduction
In the most extensive overhaul of the U.S. tax code since the Tax Reform Act (TRA) of 1986, the Tax Cuts and Jobs Act (TCJA) of 2017 made extensive changes to both individual income and corporate tax codes. The TCJA lowered tax rates and broadened most tax brackets. Among the most far-reaching changes, the top individual income tax rate fell from 39.6 percent to 37 percent and was applied to income over $600,000 for married filers-a higher threshold than $480,050 in 2017. 1 The new tax law also repealed personal and dependent exemptions, increased the amount of child tax credit and considerably reduced the scope of the Alternative Minimum Tax (AMT). 2 Lower taxes are expected to positively affect the economy in the short term by boosting consumer spending on the demand side and by increasing labor force participation, hours worked, saving, and investment on the supply side. The economic stimulus from the TCJA is widely believed to have contributed to stronger economic activity in 2018.
However, almost all existing estimates of the TCJA's effect on the economy are based on economic projections using pre-TCJA estimates of tax effects. 3 While, more data in the post-TCJA period is needed to estimate fully dynamic effects of the TCJA, following the recent pioneering work of Zidar (2019) , the immediate short-term effect of the TCJA can be identified using spatial variation in tax changes. There are at least three reasons why such an exercise is worthwhile.
First, an estimate using actual TCJA-induced variation in tax cuts can provide a more accurate measure of the TCJA impacts than projections based on estimated effects of prior tax reforms. Secondly, the immediate 2018 effect of the law change can be a useful lower bound on 3 the TCJA's expected future effects, as the impact tends to strengthen in subsequent periods. And finally, previous research on the immediate impact of tax changes is mixed at best. While Romer and Romer (2010) and Mertens and Ravn (2013) found evidence of impact starting in the first year of the tax change, Zidar (2019) found insignificant first-year effect. 4 In this paper, I exploit plausibly exogenous state-level variation in tax shocks and, using econometric specifications similar to the recent literature, estimate the impact of the TCJA-induced tax cuts on GDP and job growth in 2018.
These estimates would be credible only if the TCJA were an exogenous tax change, i.e. if it was uncorrelated with factors affecting current economic activity. According to the widely used characterization in Romer and Romer (2010) , tax shocks driven by spending changes or "countercyclical" tax cuts in response to concerns of a likely downturn are potentially endogenous.
On the other hand, exogenous tax changes are not motivated by the desire to temporarily return output to normal, but rather to reduce the federal deficit or to raise the long-run growth rate of potential output.
Using the criteria outlined in Romer and Romer (2010) , the TCJA tentatively fits the definition of an exogenous tax change. Just after the TCJA was signed into law, the 2018 Economic Report of the President noted that "The U.S. economy experienced a strong and economically notable acceleration in 2017, with growth in real gross domestic product exceeding expectations and increasing to 2.5 percent, up from 1.8 percent during the four quarters of 2016." Thus, weak economic activity does not appear to be a motivation for the tax reform. Furthermore, in remarks 4 Romer and Romer (2010) estimate that a 1 percent of GDP tax increase starts having significant negative impact on real GDP after three quarters, peaking to almost 3 percent after 10 quarters. Mertens and Ravn (2013) find that a 1 percentage point cut in average personal income tax rate raises per-capita real GDP by 1.4 percent in the first quarter, with the maximum impact rising up to 1.8 percent after three quarters. Barro and Redlick (2011) find that a 1 percentage point cut in average marginal tax rate raises per-capita GDP by 0.5 percentage points after one year. 4 before the TCJA became law, the Treasury Secretary stated that "Lackluster growth below 2 percent has sometimes been referred to as the New Normal" and observed that the proposed tax reform plan would help "create sustained growth of 3 percent or higher." Additionally, the 2018 tax cuts do not appear motivated by changes in government spending.
Nonetheless, state-level differences in tax changes may still be correlated with other factors likely also driving state-level economic growth. To mitigate this concern, I show that TCJA tax shock measures are uncorrelated with lagged economic growth and changes in 2018 state-level spending. I use panel data on growth rates and tax shocks in 2017 and 2018 and estimate models with state fixed effects and year effects-equivalent to regressing the change in growth rate on the change in tax shock in 2018, rather than using their 2018 levels. The empirical framework is similar in spirit to standard difference-in-differences designs with continuous treatment, comparing GDP and job growth in states with smaller TCJA tax shocks to those with larger tax shocks before vs. after the TCJA. The remainder of the paper is organized as follows. Section 2 lays out the econometric framework, section 3 describes the data used and TCJA tax shock calculations, section 4 discusses results and section 5 concludes.
Econometric Framework
The econometric specifications closely follows recent work of Zidar (2019):
where the subscript indexes states, stands for year and the dependent variable is a measure of change in economic activity i.e., nominal GDP growth or job growth, for state in year . The key explanatory variable, D / , is a measure of state-level tax shock, defined here as the annual change in state-level total income tax liabilities (D ) as a share of 2016 state-level GDP. 5
Finally, are controls for other covariates that vary across states as well as over time and may be correlated with both D / and ; and µ t are state and year fixed effects, respectively.
The fixed-effects specification accounts for all state-specific factors (e.g. right-to-work states or low-cost states) and purely macroeconomic shocks (e.g. oil prices and interest rates) potentially correlated with state-level growth rates. Like standard difference-in-differences (DID) designs, the key identifying assumption is that, conditional on , any state-by-time effects, , are random and uncorrelated with tax shocks, D / . To minimize the influence of such omitted factors, I control for lagged measures of GDP growth or job growth. Additionally, I control 6 for other macroeconomic shocks-such as oil prices, interest rates, and political party control of government-that may have differential effects across states.
To account for the possibility that positive oil price shocks in 2018 may have benefitted states with large energy sectors, I control for the interaction between oil prices and a dummy for energyintensive states. Previous research has found that states differ in how sensitive they are to interest rate changes and that the sensitivity varies strongly with share of the manufacturing sector in states'
economies (Carolino and DeFina, 1998) . Therefore, I include an interaction between 2016 manufacturing share of employment and the federal funds rate. Following Zidar (2019) , I also control for state-level cyclicality-quintile-specific year effects. Finally, to account for the possibility that state-level tax shocks may be correlated with the party in power at the state level, I include a dummy for Republican control of government. The robustness of fixed-effect estimates to these additional confounders further reinforces the view that TCJA tax changes were mostly exogenous. All estimates are weighted by the number of state-level tax returns to obtain nationally representative estimates. To account for serial correlation in errors, I throughout use clustered standard errors at the state level, when needed.
Data
In the absence of individual income tax return data at the state level for 2018, tax changes due to the TCJA can be approximated using 2016 SOI data, which provides information on the number of taxpayers and their tax filing characteristics for different income groups at the state level. Taxes for the average 2016 taxpayer in different income groups for each state are calculated under the 7 2017 and 2018 tax laws using the NBER-TAXSIM model. 6 Key input variables and sample calculations using the NBER-TAXSIM model for representative taxpayers in various Adjusted Gross Income (AGI) groups for Texas and California are presented in Appendix Table A1 .
The NBER-TAXSIM model calculates taxes based on a series of input variables, the most important of which are income, tax-filing status, number of dependents, and deductions such as mortgage interest and property taxes. Each of these input variables for the average taxpayer in an income group is set to the state-level average for every one of 10 income groups in 2016. 7
While not exact, the difference between 2018 and 2017 taxes thus calculated is a good proxy for changes due to the TCJA at the state level. Summing tax changes across income groups for each state and expressing it as a percent of the state's GDP yields the state-level measure of tax shock used in estimation. Summary statistics presented in Table 1 show that while different measures of taxes-e.g. total taxes, tax/AGI, and tax/GDP-did not change from 2016 to 2017, they dropped significantly from 2017 to 2018. Taxes as percent of GDP, for example, declined from an average of 13.5 percent to 12.7 percent. 
Results

Informal evidence on identifying assumptions
Similar to standard DID designs, a key identifying assumption is that counterfactual trends in economic growth be similar in states with low exposure to TCJA tax shocks relative to those with high exposure. Furthermore, if state-level TCJA-induced tax shocks are indeed exogenous, then at the very minimum they should not predict GDP/job growth in the years prior to the TCJA and current spending. Table 2 reports coefficients on the tax shock variable from fixed effects regressions of one-year lagged job growth, one-year lagged GDP growth, and current spending growth on the tax shock and shows that none of the three coefficients is significant. As further evidence, Figure A1 in the appendix plots such coefficients for years 2010 through 2017 and shows that almost all the coefficients on the TCJA tax shock variable in the pre-TCJA period are insignificant.
Impact of TCJA-induced income tax changes on growth
The main results from estimation of the econometric specification in equation (1) are presented in Table 3 and 4. Column (1) of Table 3 reports coefficients on tax shock (tax change/GDP) from a simple cross-section regression of payroll job growth on the tax shock for only 2018. This cross-state regression cannot account for pre-existing differences in growth rates, which may be correlated with exposure to TCJA tax shocks. Estimates could be upward biased if, for example, high-growth states such as Texas received more generous TCJA tax breaks relative to states such as California and New York, which also tend to grow more slowly. While Table 2 and Appendix Figure A1 show that TCJA tax shocks are largely uncorrelated with prior economic growth, omission of a variety of other state-specific factors correlated with state-level growth could cloud estimates in column (1), with the net result that the estimate is of expected sign, but statistically insignificant.
Accounting for such factors, columns (2)-(4) of Table 3 report coefficients on tax shock (tax change/GDP) from fixed effects regressions of payroll job growth on the tax shock using data from 2017 and 2018. Such fixed effects regressions using two-period data are numerically equivalent to estimating a simple cross-section regression of the change in growth rate on the change in TCJA tax shock in 2018.
Column (2) reports results with only state and time-fixed effects and shows that a tax cut equaling 1 percent of GDP leads to 0.4 percentage point faster job growth and the effect is statistically significant at a 5 percent level. Column (3) adds lagged job growth to the simple fixed effects regression in column (2) and shows that the estimated effect is little changed. This is not surprising, as we saw before that TCJA tax shocks were largely uncorrelated with lagged growth.
To account for key macro shocks that may affect states differently, column (4) includes the following additional covariates: interaction between cyclicality quantile and year effects, interaction between a dummy variable for energy state and oil prices, interaction between 2016 manufacturing share and the federal funds rate, and an interaction between a dummy for Republican control and year effects. The estimated effect in column (4) is smaller than in column
(3), but remains statistically significant.
Overall, Table 3 suggests that tax cuts led to faster job growth of about 0.2-0.4 percentage points in 2018. Isomorphic to Table 3 , Table 4 presents estimated effects for nominal GDP growth.
The pattern of results in Table 4 largely mirror those for job growth in Table 3 . Although the results for GDP growth are more imprecise than those for job growth, they remain remarkably stable from column (2) through column (4), with the estimate in the richest specification in column (4) implying an impact of about 1 percentage point on GDP growth, statistically significant at the 10 percent level.
For the richest specification in Tables 3 and 4 , I also present results from randomization inference in Appendix Figure A2 , which plots the empirical CDF of the coefficient on D / from 1,000 random permutations of the variable across states. The figure shows that the actual tax shock coefficient for job growth (GDP growth) presented in column 4 of Table 3 (Table 4 ) lies in the extreme of this distribution, with less than 13 percent (8 percent) of coefficients in random permuted regressions of job growth (GDP growth) more negative than that on the actual tax shock.
Instrumental variable estimates
The fixed effects estimates presented in Tables 3 and 4 can still be biased and inconsistent if there are other omitted time-varying confounders that are correlated with tax shocks and that also determine growth rates. The tax shock variable also contains some measurement error. To mitigate these concerns, it is necessary to use instrumental variables (IV) to identify the effect of the tax shock, . In order to motivate the use of potential instruments it is useful to write (1) in the first differenced form:
To account for any remaining endogeneity in ∆(D / ), I use two instruments: (1) share of tax returns with AGI $200,000 or higher in 2016 (share200K+) and (2) a dummy variable for the state with no state income tax (nositax).
The identifying assumption is that conditional on ∆(D / ), share200K+ and nositax do not directly affect the change in growth rates, ∆ . I do not rule out the possibility that the two variables may be correlated with the level of growth in economic activity, just that they are uncorrelated with the change in growth rates. Validity of share200K+ as an instrument for the change in tax shock is based on the argument that regional variation in income distribution is plausibly exogenous-an assumption also made in Zidar (2019) . As for nositax, the implicit assumption for validity is that any differences in growth rates between states with and without a state income tax are constant over time, so that nositax can be excluded from (2).
Due to the nature of TCJA tax changes, which altered taxes differentially across the income distribution and introduced caps on state and local tax deductions, both of these variables should be strongly correlated with the tax shock, D / . They would also be highly correlated with the change in tax shock, ∆(D / ), as D / is practically zero in years prior to the TCJA.
Estimates from IV regressions are reported in Table 5 . The bottom panel of the table presents diagnostics examining the properties of the two IVs. Assuming homoscedasticity, the high partial F-statistic for the joint significance of IVs in the first stage suggests that they are strongly correlated with ∆(D / ) with an F-stat well exceeding 10-the rule of thumb suggested in Stock, Wright, and Yogo (2002) . Because that rule-of-thumb is not valid under heteroscedasticity, the bottom panel of Table 5 also reports the "effective F-statistic" proposed in Olea and Pflueger (2013) . The "effective F-statistic" is larger than the critical values reported in the paper and 12 presented in the next row, indicating that the instruments are not weak. In addition to the instrument's relevance, it is reassuring to note that the p-value on the test of overidentifying restrictions using Hansen's J-statistic suggests that the additional instrument is valid (Hansen, 1982) . Table 5 reaffirm the findings in Tables 3 and 4 that TCJA tax cuts had a positive effect on the pace of economic activity. IV estimates for job growth are larger than simple fixed effects estimates in Table 4 . The estimate with full controls in column (6) imply that TCJA income tax cuts led to 0.4 percentage point faster job growth in 2018, almost twice the effect implied by fixed effects estimates in column (4) of Table 3 .
Results in
IV estimates for GDP growth in columns (4) and (5) of Table 5 are very close to analogous estimates in column (2) and (3) of Table 3 . IV estimates reported in column (6) appear highly sensitive to a full set of controls, as the estimated effect is not only substantially smaller than that in column (5) of Table 6 , but also notably lower than the fixed effects estimates from the richest specification in column (4) of Table 4 . Given the relative instability and imprecision of the IV estimate in column (6), it is useful to formally test whether it is statistically different from the corresponding first-differenced OLS estimate-or equivalently the fixed effects estimate-with a full set of controls.
A test for endogeneity of ∆(D / ) for the specification in column (6) of Table 5 yields a p-value of 0.37, implying that the variable is not endogenous (Hausman, 1978) . High pvalues from similar tests for IV specifications across other columns in Table 5 also imply nonrejection of the null hypothesis that the change in tax shock is exogenous. Thus, under the assumption that the instruments are valid, there is no statistical evidence that fixed effects estimates reported in Table 3 are contaminated by endogeneity. Therefore, I continue to use the fixed effects 13 estimates reported in Table 3 and Table 4 as my preferred set of estimates, which on average suggest that TJCA tax shocks contributed to about 1 percentage point stronger GDP growth and 0.3 percentage point faster job growth in 2018.
Conclusion
Using 2016 Note: * p<0.10, ** p<0.05. The table reports coefficients on change in tax shock (i.e. tax change/GDP) from a first-differenced IV regression of change in job growth (left panel) and change in GDP growth (right panel) on the change in tax shock (i.e. tax change/GDP) for the year 2018. IV used are share of tax returns with income greater than $200,000 and a dummy for no state income tax. Robust standard errors reported in parenthesis and estimates weighted by state-level number of tax returns. Other controls included in the regression in column (3) and (6) are: change in lagged job/GDP growth, cyclicality quantile; a dummy variable for energy state; 2016 manufacturing share; and a dummy for Republican control. IV regressions estimated using STATA ivreg2 software from Baum et. al. (2010) . Figure A1 : shows that the actual tax shock coefficient lies in the extreme of this distribution, with less 13 percent (8 percent) of coefficients in random permuted regressions of job growth (GDP growth) more negative than that on the actual tax shock. The permutation test was conducted using software available from Heß (2017) . 
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